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OPTIMIZING PIXEL LABELS FOR 
COMPUTER VISION APPLICATIONS 

BACKGROUND 

Many computer vision problems involve assigning a label 
to each pixel within an image. These labels may indicate 
whether the pixel is part of the background or foreground (e.g. 
for image segmentation) or whether the pixel is part of an 
electronic ink stroke or not (e.g. for electronic ink recogni 
tion). Depending on the application, the label may be selected 
from two possible labels or from a larger number of labels. 
A number of techniques have been developed and applied 

to such computer vision problems, such as graph cut, tree 
reweighted message passing (TRW), belief propagation (BP), 
iterated conditional modes (ICM) and simulated annealing 
(SA). 

SUMMARY 

The following presents a simpli?ed summary of the dis 
closure in order to provide a basic understanding to the reader. 
This summary is not an extensive overview of the disclosure 
and it does not identify key/critical elements of the invention 
or delineate the scope of the invention. Its sole purpose is to 
present some concepts disclosed herein in a simpli?ed form 
as a prelude to the more detailed description that is presented 
later. 

Computer vision applications often require each pixel 
within an image to be assigned one of a set of labels. A method 
of improving the labels assigned to pixels is described which 
uses the quadratic pseudoboolean optimization (QPBO) 
algorithm. Starting with a partially labeled solution, an unla 
beled pixel is assigned a value from a fully labeled reference 
solution and the energy of the partially labeled solution plus 
this additional pixel is calculated. The calculated energy is 
thenused to generate a revised partially labeled solutionusing 
QPBO. 
Many of the attendant features will be more readily appre 

ciated as the same becomes better understood by reference to 
the following detailed description considered in connection 
with the accompanying drawings. 

DESCRIPTION OF THE DRAWINGS 

The present description will be better understood from the 
following detailed description read in light of the accompa 
nying drawings, wherein: 

FIG. 1 is an example ?ow diagram of a method of improv 
ing labeling of pixels; 

FIG. 2 shows a simple graphical representation of the 
method of FIG. 1; 

FIG. 3 is a second example ?ow diagram of a method of 
improving labeling of pixels; 

FIG. 4 is a third example ?ow diagram of a method of 
improving labeling of pixels; 

FIG. 5 shows a graph of the performance of QPBOI depen 
dent upon the starting reference solution; and 

FIG. 6 illustrates an exemplary computing-based device in 
which embodiments of the methods described herein may be 
implemented. 
Like reference numerals are used to designate like parts in the 
accompanying drawings. 

DETAILED DESCRIPTION 

The detailed description provided below in connection 
with the appended drawings is intended as a description of the 
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2 
present examples and is not intended to represent the only 
forms in which the present example may be constructed or 
utilized. The description sets forth the functions of the 
example and the sequence of steps for constructing and oper 
ating the example. However, the same or equivalent functions 
and sequences may be accomplished by different examples. 
Most early vision problems can be formulated in terms of 

Markov random ?elds (MRFs) and therefore algorithms for 
MRF inference are very important for computer vision. The 
MAP-MRF approach (computing maximum a posteriori con 
?gurations in an MRF) has proven to be extremely successful 
for many vision applications such as stereo, image segmen 
tation, image denoising, superresolution, new view synthesis 
and others. A special class of MRFs are binary MRFs. 
The problem of minimizing an energy function of the fol 

lowing form can be considered: 

Dev (pmes 

Here G:(V,E) is an undirected graph. The set of nodes V may 
correspond to pixels, and xp E{0, 1} denotes the label of node 
p. If the function E is submodular, i.e. every pairwise term 6” 
satis?es 

then a global minimum of E can be computed in polynomial 
time as a minimum s-t cut in an appropriately constructed 

graph (“submodular graph cuts”). Note, there are many dif 
ferent energies, which include discrete labels, which can be 
converted into the form (1). For instance if the energy is of 
form (1) but the label set is non-binary, e.g. a variable has a 
value between 0 and n. Also, any energy with higher order 
terms i.e. theta depends on more than two variables, can be 
transformed into form (1) as shown in the paper by V. Kol 
mogorov and R. Zabih entitled ‘What Energy Functions can 
be Minimized via Graph Cuts?’ and presented at ECCV ’02 
for the case of order 3 terms. In many vision applications, 
however, the submodularity condition is not satis?ed, i.e. the 
functions are general and may contain non-submodular and 
submodular term, and minimizing such functions is a very 
challenging task (in general, NP-hard). 
An approach for this problem has been proposed called 

roof duality and this is described in ‘Roof duality, comple 
mentation andpersistency in quadratic 0-1 optimization’ by P. 
L. Hammer, P. Hansen, and B. Simeone, published in Math 
ematical Programming, 28: 121 -1 55, 1984. An algorithm for 
computing a roof dual is described in ‘Network ?ows and 
minimization of quadratic pseudo-Boolean functions’ by E. 
Boros, P. L. Hammer, and X. Sun, published as Technical 
Report RRR 17-1991, RUTCOR, May 1991. This algorithm 
can be viewed as a generalization of the standard graph cut 
algorithm and is referred to as the QPBO (quadratic pseudo 
boolean optimization) algorithm. 

In some cases, the roof duality approach (and the QPBO 
algorithm) leaves many nodes unlabeled. Methods are 
described below which takes a fully labeled solution, which 
may be generated by taking the partially labeled solution 
generated using QPBO and allocating labels to the unlabelled 
nodes (or alternatively, takes any other input solution), and 
attempts to improve (i.e. decrease) the input solution’s 
energy. Using the methods described, the energy is guaran 
teed not to increase, and often decreases. The methods are 
referred to as QPBOI (quadratic pseudoboolean optimization 
improved). 
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FIG. 1 is an example ?ow diagram of a method of improv 
ing labeling of pixels, which starts with a partially labeled 
solution, y, 10 which may have been generated using QPBO. 
A reference solution, Z, 11 is also available which is a fully 
labeled solution and which may have been generated using 
any method, including but not limited to, BP or random 
assignment of labels, or QPBO in combination with either of 
these techniques. It is the labeling within this reference solu 
tion Z which is improved through use of the methods 
described herein. According to the method of FIG. 1, where 
the reference solution Z is not generated from the partially 
labeled solution y, the reference solution may be updated with 
values from the partially labeled solution y, (block 101), i.e. 
for each pixel in Z, the label is updated to correspond to the 
label in y unless the pixel is unlabeled in y. Where the refer 
ence solution Z is generated initially from the partially labeled 
solution y, (e.g. through random assignment of labels to those 
unlabeled pixels), this step (block 101) may be omitted ini 
tially (although it may be included in subsequent iterations, as 
described below). A new energy E' is derived from the given 
energy E where the value (xp) of one of the unlabeled pixels, 
p, in y is ?xed to the value of that pixel in the reference 
solution Z (block 102). QPBO is run for this new energy E' to 
provide an updated partially labeled solution y (block 103). 
The reference solution Z is updated (block 104) to create an 
improved fully labeled solution. The process may be repeated 
(blocks 102-104) several times, for example until the refer 
ence solution Z has not changed for a de?ned number of 
iterations (as described below and shown in FIG. 4). Upon 
completion (or also at intermediate stages), the improved 
fully labeled solution may be stored (block 105). This may 
comprise storing a labeled version of the image which com 
prises a label associated with each pixel, where the labels are 
as detailed in the improved fully labeled solution. 

FIG. 2 shows a simple graphical representation of this 
method where there are just ?ve pixels. Initially there is a 
fully labeled reference solution 201, which may have been 
generated randomly, using BP or in any other way, and a 
partially labeled solution 202 in which only the ?rst pixel is 
labeled, (the unlabeled pixels are identi?ed with a question 
mark). The value of the 2”“ pixel is ?xed at the value in the 
reference solution 201 (label:1 in this example) and when 
QPBO is run (in block 105), it may produce a new partially 
labeled solution 203 where fewer pixels are unlabeled and in 
the example shown it has additionally labeled the 3rd and 4” 
pixels leaving only the 5th pixel unlabeled. This operation 
may be referred to as ‘spreading’ because the area of labeled 
pixels has spread during this operation beyond the one pixel 
which was ?xed. The reference solution 201 may therefore be 
updated based on the new partially labeled solution 203 to 
create an updated fully labeled reference solution 204. 

The operation of block 103 may be referred to as “?xing a 
node”, which refers back to the graph notation where G:(V,E) 
is an undirected graph, the set of nodes V may correspond to 
pixels, and yp E{0,1 } denotes the label ofnode p (as described 
above). The method of FIG. 1 may then be described as 
follows: Let yIQPBO(E) i.e. the initial partially labeled solu 
tion 10 may be generated using QPBO. Consider unlabeled 
node p with yPIQ and given label i E{0, 1}. De?ne energy 
E':E[pei] as follows: E'(y):E(y)+EP(yP) where Ep is a “hard 
constraint” term with Ep(i):0, EP(1—i):CP and CP is a suf? 
ciently large constant. If QPBO is run for energy E' (as in 
block 105, with E' corresponding to the new E calculated in 
block 104) then a new partial labeling y' is obtained in which 
more nodes may have become labeled. 

The fact that the energy is guaranteed not to increase is a 
result of a property of QPBO referred to as weak autarky: 
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4 
Let x be an arbitrary complete labeling, and let ZIFUSE(x, 

y) be the “fusion” of 
x and y: Zp:yp if p E dom(y), and qup otherwise. Then 

E(Z)§E(x). Dom(y) denotes the set of labeled nodes in y 
(referred to as the ‘domain of y’). 
The unlabeled pixel, p, for which the label is ?xed in block 

102, may be selected according to a prede?ned ordering of 
pixels (also referred to as nodes) or may be selected randomly. 
By using an ordering ofnodes at: V—>{ 1, . . . , |V| }, the internal 
structures used in performing QPBO can be re-used when 
QPBO is run again which results in an increase in the speed of 
performing the operation of one or more orders of magnitude. 
The algorithm may also be run starting from a completely 

labeled approximate solution and using QPBO to generate the 
initial partially labeled solution. The complete approximate 
solution may be considered the initial reference solution Z. In 
such a situation the method may be as shown in FIG. 3 and can 
be written mathematically as: 

Select an ordering of nodes at (block 301). 
InitialiZation: 
Compute yIQPBO(E) (block 302) 
Set Z::FUSE(Z, y), S::dom(y) (blocks 303 and 304) 

For nodes p E V do in the order rc(block 305): 
If p $ S compute yIQPBO(E[S U {p}eZ]) (blocks 

306-308) 
Set Z::FUSE(Z, y), S::dom(y) (blocks 309) 

As described above, in order to achieve ef?ciency, a nested 
sequence of subsets S may be used according to the ordering 
of nodes at. This enables reuse of ?ow and search trees (e.g. as 
described in ‘Ef?ciently solving dynamic Markov random 
?elds using graph cuts’ by P. Kohli and P. H. S. Torr, published 
at ICCV in October 2005) when QPBO is run repeatedly. 
Upon completion (i.e. having iterated for all p E V) or at an 
earlier stage, the updated reference solution may be stored 
(block 310). 
The computation of QPBO can be described in more detail 

using the notation of reparameterization, which is described 
in ‘MinimiZing non-submodular functions with graph 
cutsia review’ by V. Kolmogorov and C. Rother, to be pre 
sented at PAMI 2007. An overview is provided below. 
The energy of equation (1) is speci?ed by the constant term 

660"“, unary terms 6P(i) and pairwise terms 6Pq(i, j) (i,j E {0, 
1}). These last two terms may be denoted as 6”- and em, 
respectively. All these values can be concatenated into a 
single vector 6:{6a|€} where the index set is 

Note that (pq; ij)E(qp; ji), so 6mm- and Sq”,- are the same 
element. The notation 6P may be used to denote a vector of 
siZe 2 and 6” may be used to denote a vector of siZe 4. 

Vector 6' is called a reparameteriZation of vector 0 if the 
energy functions E' and E that they de?ne are the same, i.e. 
E'(x):E(x) for all labelings x. As a particular example, a 
constant can be subtracted from vectors GP or SM and the same 
constant added to 660"“. Another possible transformation 
involves edge (p, q) E E and label j E {0, 1}: a constant can be 
subtracted from components 6mm- for all i E {0, 1} and the 
same constant added to 6”. 
A vector 6 is considered to be in normal form if it satis?es 

the following: 

Normal form implies the following: 6M;OO:6M;U:0, 6mm, 
epq;1020 if edge~(p, q) is submodular; and 6mm: Mm: , 

6 >0 if (p, q) is supermodular. 
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The ?rst step of the QPBO algorithm is to reparameteriZe 
vector 6 into a normal form. This can be done in linear time. 
Then a directed weighted graph G:(V,A) is constructed. For 
each node p E V, two nodes p,p are added to V. These two 
nodes correspond to variable xp and its negation xPII—xp, 
respectively. In addition, there are two special nodesithe 
source s and the sink t which correspond to labels 0 and 1. 
Thus, V:{p,p|pEv}U{s,t}. For each non-zero element 6“ 
(except for 6mm) two directed arcs are added to the graph 
with weight 60,. Finally, a minimum s-t cut (S, T) in G is 
computed by computing a maximum ?ow from s to t. This cut 
gives an optimal solution to the LP relaxation and corre 
sponding partial labeling x as follows: 

lb otherwise 

The maximum ?ow in G de?nes a reparameteriZation of the 
energy. There are certain relations between this reparameter 
ization and partial labeling x (e.g. complementary slackness 
conditions). 

Graph G may have several minimum cuts (S, T) which 
correspond to different partial labelings x with different sets 
of labeled nodes. In general, there exist “extreme” cuts (Smm, 
Tm”) and (Smw‘, Tm“) such that for any other minimum cut 
(S, T) there holds dom(x'm”) C dom(x) C dom(xma") where 
x’m”, x’m", and x are the labelings de?ngi' by these cuts and 
dom(x) denotes the set of labeled nodes in x. Cut (Smm, Tm”) 
can be set as follows: nodes reachable from s through non 
saturated arcs are in SW”, and all other nodes are in Tm”. 
Alternatively, T””” can be set to be the set of nodes from which 
t can be reached through non-saturated arcs and this yields the 
same labeling x’m”. Computing cut (Smax, Tm") can be done, 
for example, by analyZing strongly connected components of 
the residual graph. Note that nodes in dom(x'm”) are labeled 
uniquely by any minimum cut (S, T). The labeling of nodes in 
dom(xma")-dom(x'"i”), however, may depend on the cut. 

The ?xing ofa node p EV to a particular label, e.g. label 0, 
can be done by adding arcs (s—>p) and (th) with a large 
weight C, or setting 

After that ?ow is pushed in G using operations so that all arcs 
(p—>v), (v—>@ 6 Ai'” become saturated (i.e. their residual 
capacities become zeros), cp becomes positive, and c; 
becomes negative. These conditions can always be ensured if 
C is suf?ciently large. It is easy to verify by induction that 
from now no augmenting path from s to t will go through 
nodes p,p. Indeed, there are no non-saturated outgoing arcs 
from p other than to s, and there no non-saturated incoming 
arcs to 13 other than from t. Therefore, removing nodes p,p 
together with incident edges will not affect the output of 
QPBO. 

Instead of ?xing nodes, (as in blocks 103 and 307), hard 
constraints satis?ed by current labeling Z can be enforced via 
contracting nodes of the energy and adding non-negative 
numbers to elements 6“ such that the cost of Z stays the same. 
For example by contracting nodes p, q for existing edges (p, 
q). If xp#xq then node q is ?ipped (i.e its label is swapped) 
before contraction. Edges are processed in the order selected 
at random in the beginning. Edges which are submodular with 
respect to the current labeling Z are not contracted (as this 
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would not label more nodes); instead, they are moved to the 
next iteration. At convergence, all edges of the energy are 
submodular with respect to labeling Z. 

Whilst the above description refers to the use of QPBO, 
extensions of (or variations of) QPBO may be used instead of, 
or in addition to, QPBO. An example of such an extension is 
the probing method described in the technical report by E. 
Boros, P. L. Hammer, and G. Tavares, entitled ‘Preprocessing 
of unconstrained quadratic binary optimiZation’ (Technical 
Report RRR 10-2006, RUTCOR, April 2006). This extension 
may be referred to as QBPOP (QBPO Probing). 
The resultant labeling achieved using QPBOI as described 

above may be considered stable (or QPBO-stable) if no 
QPBOI operation can change it, i.e. for any subset S C V 
there holds yPIZP for pEdom(y) where yIQPBO(E[SQZ]). 
As described above, QPBOI may be initialiZed in any way, 

for example by generating a random reference solution Z and 
this may be referred to as ‘Rand+I’. QPBOI is used to 
improve on this input reference solution. In another example, 
QPBO may ?rst be run (as shown in FIG. 4, block 302), to 
obtain a partially labeled solution and then run an optimiZa 
tion technique may run (block 401), but only for unlabeled 
nodes. An example of an optimiZation technique is max 
product BP. The solution is then improved using QPBOI 
(blocks 304, 402, 306-309) with random permutations of 
nodes (as selected in blocks 402). A “sequential” schedule of 
BP as may be used. Before starting the optimiZation method 
(in block 401), the energy may be reparameteriZed the energy 
so that GMQOIGMJI, and 6M;01:6pq;10 for each edge (p, q). 
QPBOI may stopped when the complete labeling has not 
changed for a de?ned number of iterations, such as 5 itera 
tions (blocks 403-405), and OptimiZation method, e.g. BP, 
may run for a large number of iterations (e. g. 1000) and the 
best result is taken. This combination of QPBOI with BP may 
be referred to as ‘BP+I’. Once QPBOI is stopped, the updated 
reference solution may be stored (block 406). 

In a further example, QBPOP may ?rst be run, obtaining 
energy E' and mapping f:2”'Q2“. Then BP+I is applied for 
energy E' giving solution yE2v'. The output of this (P+BP+I) 
is the labeling Z:f(y). In yet another example QBPOP and 
QPBOI may be combined. The basic step of the QPBOP is to 
?x node p to 0 and to 1 and compute corresponding partial 
labelings Z0 and Z1. The labeling Z may be updated as follows: 
Z::FUSE(Z, Zi) where iqp. Fix and contract operations pre 
serve the “structure” of Z, e.g. if node q is ?xed to label j 
during QPBOP then there must hold quj. Let y be the trans 
formed labeling for energy E'. It can be veri?ed by induction 
that if constant C in QPBOP is suf?ciently large (namely, 
E(Z)<II11HZ E(Z)+C) then there holds E'(y):E(f(y))§E(x). 
After QPBOP, QPBOI is run for energy E' starting with label 
1ng y. 
The improved fully labeled solution generated using one of 

the methods described herein may be used in many different 
applications within computer vision. For example, the 
improved fully labeled solution may be used in displaying the 
image, e.g. with foreground/background distinguished or 
with identi?ed objects labeled. The table below shows a com 
parison of different methods of labeling pixels when applied 
to various computer vision tasks. In each case, the energy, 
scaled to the range 0 to 999 is given with the run time in 
seconds given in parentheses. BC stands for boundary con 
straint and RC for region constraint. 
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Applications Sim. An. ICM GC BP BP + 1 

Diagram recognition (4. 8con) 0 (0.28 s) 999 (0 s) 119 (0 s) 25 (0 s) 0 (0 s) 
New View Synthesis (8con) i 999 (0.2 s) 2 (0.3 s) 18 (0.6 s) 0 (2.3 s) 
Super—resolution (8con) 7 (52 s) 68 (0.02 s) 999 (0 s) 0.03 (0.01 s) 0.001 (0.06 s) 
Image Segm. 9BC + 1 ng 983 (50 s) 999 (0.07 s) 0 (28 s) 28 (0.2 s) 0 (31 s) 
Pixel (4con) 
Image Segm. 9BC; 4RC (4con) 900 (50 s) 999 (0.04 s) 0 (14 s) 24 (0.2 s) 0 (3 s) 
Texture restoration (15con) 15 (165 s) 636 (0.26) 999 (0.5 s) 19 (0.18 s) 0.01 (2.4 s) 
Deconvolution 3 x 3 kernel 0 0.4 s) 14 (0 s) 999 (0 s) 5 (0.5 s) 3.6 (1 s) 
(24con) 
Deconvolution 5 x 3 kernel 0 (1.3 s) 6 (0.03 s) 999 (0 s) 71 (0.9 s) 8.1 (31 s) 
(80con) 

15 
It can be seen from this table that the QPBOI method, when 
used in conjunction with BP (i.e. BP+I), results in lower 
resultant energies in all cases and that the run time taken is 
still acceptable. 

FIG. 5 shows a graph of the performance of QPBOI depen 
dent upon the starting reference solution. These results were 
produced using a 4-connected random graph in normal form 
of size 100x100 pixels with 50% non-submodular terms and 
unary strength 0.8. In each case, QPBOI was stopped when 
the energy did not decrease for 5 iterations. The graph shows 
that with BP as a starting point (curve 501), a consistently 
better result is obtained compared to a random starting point 
(curve 502). The graph also shows that where an improved 
starting point can be used, such as improved versions of 
QPBO (as in curves 503), QPBOI still provides further 
improvements. 

Whilst the above methods refer to the labeling of pixels 
with one of two labels, this is by way of example only. QPBOI 
is applicable to multi-label problems and can either be used to 
consider all the labels simultaneously or can be used in itera 
tive selection of pairs of labels. There are various ways that 
iterative selection of labels may be implemented and QPBOI 
can be used in any situation to improve an initial reference (or 
approximate) solution. In an example where there are 5 pos 
sible labels, this can be viewed as a sequence of binary prob 
lems: label 1 or 2, keep current label or label 3, keep current 
label or label 4, keep current label or label 5. QPBOI may be 
used at each stage or alternatively, QPBOI may be used at the 
?nal stage (keep current or label 5) with the output of the 
previous stage providing the initial reference solution. 

FIG. 6 illustrates various components of an exemplary 
computing-based device 600 which may be implemented as 
any form of a computing and/or electronic device, and in 
which embodiments of the methods described above may be 
implemented. Such a device may be referred to as an image 
processing system although the system may be capable of 
other functions and applications. 

Computing-based device 600 comprises one or more pro 
cessors 601 which may be microprocessors, controllers or 
any other suitable type of processors for processing comput 
ing executable instructions to control the operation of the 
device in order to perform any aspects of the pixel labeling 
methods described above. Computer executable instructions 
may be provided using any computer-readable media, such as 
memory 602. The memory is of any suitable type such as 
random access memory (RAM), a disk storage device of any 
type such as a magnetic or optical storage device, a hard disk 
drive, or a CD, DVD or other disc drive. Flash memory, 
EPROM or EEPROM may also be used. Platform software 
comprising an operating system 603 or any other suitable 
platform software may be provided at the computing-based 
device to enable application software 604 to be executed on 

20 

25 

30 

35 

40 

45 

50 

55 

60 

65 

the device. The operating system and application software 
may be stored in the memory 602. The memory may also 
comprise a data store 605 for storing the solutions and/or the 
internal structures which may be re-used when QPBO is run 
more than once. The data store may also be used for storing 
labeled images. 
The computing-based device 600 may further comprise 

one or more inputs and outputs. An input may be of any 
suitable type for receiving media content, Internet Protocol 
(IP) input etc. In an example an input 606 may be provided to 
receive one or more of the image data, the partially labeled 
solution and the initial fully labeled reference solution. An 
output may comprise an audio and/or video output to a dis 
play system integral with or in communication with the com 
puting-based device, such as display interface 607. The dis 
play system may provide a graphical user interface or other 
user interface of any suitable type, although this is not essen 
tial. The device may also comprise a communication interface 
(not shown in FIG. 6). 
Although the present examples are described and illus 

trated herein as being implemented in a computing system as 
shown in FIG. 6, the system described is provided as an 
example and not a limitation. As those skilled in the art will 
appreciate, the present examples are suitable for application 
in a variety of different types of computing systems/ devices. 

Whilst in the above examples, the solution to be improved 
is described as approximate, this only refers to the fact that it 
is sought to improve this solution. The solution may, for 
example, be a good solution generated using a variant of 
QPBO. 

Although in the methods described above the pixels (or 
nodes) p are selected randomly to be ?xed, in other examples 
the pixels (or nodes) may be selected in a de?ned order or 
according to any heuristic. Whilst the above description refers 
to the ?xing of one pixel per iteration, this is by way of 
example only and more than one pixel may be selected and 
?xed in any iteration of QPBOI. 
The methods relate to assigning labels to pixels within an 

image, where the image may be of any kind and may comprise 
text (e.g. writing in electronic ink), drawings, pictures, pho 
tographs or other captured images etc. 

Whilst the methods and algorithms are described above in 
relation to solving computer vision problems, these methods 
and algorithms are also applicable to other ?elds where it is 
necessary to solve similar optimization problems. For 
example, the methods and algorithms are applicable to opti 
mization problems in the ?eld of VLSI design. 
The term ‘computer’ is used herein to refer to any device 

with processing capability such that it can execute instruc 
tions. Those skilled in the art will realize that such processing 
capabilities are incorporated into many different devices and 
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therefore the term ‘computer’ includes PCs, servers, mobile 
telephones, personal digital assistants and many other 
devices. 

The methods described herein may be performed by soft 
ware in machine readable form on a storage medium. The 
software can be suitable for execution on a parallel processor 
or a serial processor such that the method steps may be carried 
out in any suitable order, or simultaneously. 

This acknowledges that software can be a valuable, sepa 

5 

rately tradable commodity. It is intended to encompass soft- 10 
ware, which runs on or controls “dumb” or standard hard 
ware, to carry out the desired functions. It is also intended to 
encompass software which “describes” or de?nes the con 
?guration of hardware, such as HDL (hardware description 
language) software, as is used for designing silicon chips, or 
for con?guring universal programmable chips, to carry out 
desired functions. 

Those skilled in the art will realize that storage devices 
utilized to store program instructions can be distributed 
across a network. For example, a remote computer may store 
an example of the process described as software. A local or 
terminal computer may access the remote computer and 
download a part or all of the software to run the program. 
Alternatively, the local computer may download pieces of the 
software as needed, or execute some software instructions at 
the local terminal and some at the remote computer (or com 
puter network). Those skilled in the art will also realize that 
by utilizing conventional techniques known to those skilled in 
the art that all, or a portion of the software instructions may be 
carried out by a dedicated circuit, such as a DSP, program 
mable logic array, or the like. 
Any range or device value given herein may be extended or 

altered without losing the effect sought, as will be apparent to 
the skilled person. 

It will be understood that the bene?ts and advantages 
described above may relate to one embodiment or may relate 
to several embodiments. It will further be understood that 
reference to ‘an’ item refers to one or more of those items. 

The steps of the methods described herein may be carried 
out in any suitable order, or simultaneously where appropri 
ate. Additionally, individual blocks may be deleted from any 
of the methods without departing from the spirit and scope of 
the subject matter described herein. Aspects of any of the 
examples described above may be combined with aspects of 
any of the other examples described to form further examples 
without losing the effect sought. 

It will be understood that the above description of a pre 
ferred embodiment is given by way of example only and that 
various modi?cations may be made by those skilled in the art. 
The above speci?cation, examples and data provide a com 
plete description of the structure and use of exemplary 
embodiments of the invention. Although various embodi 
ments of the invention have been described above with a 
certain degree of particularity, or with reference to one or 
more individual embodiments, those skilled in the art could 
make numerous alterations to the disclosed embodiments 
without departing from the spirit or scope of this invention. 

The invention claimed is: 
1. A computer implemented method of improving labeling 

of pixels in an image, the method operable on a processor, the 
method comprising: 

calculating, by the processor, an energy for a partially 
labeled solution and at least one unlabeled pixel, 
wherein said at least one unlabeled pixel is assigned a 
label corresponding to a fully labeled solution; 

computing, by the processor, a new labeled solution based 
on said energy for the partially labeled solution and said 
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10 
at least one unlabeled pixel using a quadratic pseudo 
boolean optimization algorithm; and 

updating labels in the fully labeled solution to correspond 
to the new labeled solution. 

2. A method according to claim 1, further comprising, prior 
to calculating said energy for the partially labeled solution 
and said at least one unlabeled pixel: 

selecting said at least one unlabeled pixel from a partially 
labeled solution for the image. 

3. A method according to claim 2, further comprising: 
accessing an ordering of pixels; 
and wherein selecting said at least one unlabeled pixel from 

a partially labeled solution for the image comprises: 
selecting at least one pixel according to the ordering of 

pixels; 
determining if said at least one pixel is unlabeled based on 

the partially labeled solution; and 
when said at least one pixel is not unlabeled, repeating the 

selecting and determining steps. 
4. A method according to claim 1, further comprising: 
storing the new labeled solution. 
5. A method according to claim 4, wherein storing the new 

labeled solution comprises: 
storing an image labeled according to the new labeled 

solution. 
6. A method according to claim 5, further comprising: 
displaying the image labeled according to the new labeled 

solution in a user interface of an image processing tool. 
7. A method according to claim 1, further comprising: 
generating the fully labeled solution using one of belief 

propagation and random label assignment. 
8. A method according to claim 1, further comprising: 
computing said partially labeled solution from said fully 

labeled solution using the quadratic pseudoboolean 
optimization algorithm. 

9. A method according to claim 1, further comprising: 
repeating the calculating, computing, and updating until 

the fully labeled solution has not changed for a prede 
termined number of iterations. 

10. A method according to claim 1, wherein calculating an 
energy for said partially labeled solution and said at least one 
unlabeled pixel is based on an energy function having the 
form: 

wherein 6mm is a constant, p and q represent nodes of the 
set of nodes V const corresponding to pixels of the 
image, 6 resents a vector and xp and xq represent values 
of nodes p and q respectively. 

11. A method according to claim 1, wherein each label is 
selected from a set comprising two or more possible labels. 

12. A computer implemented method of improving label 
ing of pixels in an image, the method operable on a processor, 
the method comprising: 

selecting one or more unlabeled pixels from a partially 
labeled solution; 

assigning each of said one or more unlabeled pixels a label 
based on a corresponding pixel label in a fully labeled 
solution to create one or more newly labeled pixels; 

calculating, by the processor, an energy for the partially 
labeled solution with the addition of said one or more 

newly labeled pixels using an energy function; 
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generating a new partially labeled solution using said 
energy and a quadratic pseudoboolean optimization 
algorithm; and 

updating labels in the fully labeled solution to correspond 
to labels in the neW partially labeled solution. 

13. A method according to claim 12, further comprising: 
storing a labeled version of the image, the labeled version 

comprising pixels assigned labels according to the 
updated fully labeled solution. 

14. A method according to claim 13, further comprising: 
displaying the labeled version of the image in a user inter 

face of an image processing application. 
15. A method according to claim 12, further comprising, 

prior to selecting one or more unlabeled pixels: 
calculating an energy for an approximate pixel labeling 

solution using said energy function; 
generating said partially labeled solution using said energy 

for the approximate pixel labeling solution and said 
quadratic pseudoboolean optimization algorithm; 

updating labels in the approximate pixel labeling solution 
based on the partially labeled solution to create said fully 
labeled solution. 

16. A method according to claim 15, Wherein said approxi 
mate pixel labeling solution is generated using one of belief 
propagation and random allocation of labels. 

17. A method according to claim 12, Wherein said fully 
labeled solution is generated using one of belief propagation 
and random allocation of labels. 

18. An image processing system comprising: 
a processor; and 
a memory arranged to store executable instructions 

arranged to cause the processor to: 
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12 
select one or more unlabeled pixels from a partially labeled 

solution; 
assign each of said one or more unlabeled pixels a label 

based on a corresponding pixel label in a fully labeled 
solution to create one or more nery labeled pixels; 

calculate an energy for the partially labeled solution With 
the addition of said one or more nery labeled pixels 
using an energy function; 

generate a neW partially labeled solution using said energy 
and a quadratic pseudoboolean optimization algorithm; 
and 

update labels in the fully labeled solution to correspond to 
labels in the neW partially labeled solution. 

19. An image processing system according to claim 18, 
further comprising: 

a data store, 
and Wherein the memory is further arranged to store 

executable instructions arranged to cause the processor 
to: 

store the fully labeled solution With updated labels in the 
data store. 

20. An image processing system according to claim 18, 
further comprising: 

an interface to a display, 
and Wherein the memory is further arranged to store 

executable instructions arranged to cause the processor 
to: 

store a labeled version of the image, the labeled version 
comprising pixels assigned labels according to the 
updated fully labeled solution; and 

display the labeled version of the image in a user interface 
of an image processing application. 

* * * * * 
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